This research develops then merges two separate models to simulate electric vehicle diffusion through recreation of the Boston metropolitan statistical area vehicle market place. The first model is a mixed (random parameters) logistic regression applied to data from the US Department of Transportation's 2009 National Household Travel Survey. The second, agent-based model simulates social network interactions through which agents' vehicle choice sets are endogenously determined. Parameters from the first model are applied to the choice sets determined in the second. Results indicate that electric vehicles as a percentages of vehicle stock range from 1% to 22% in the Boston metropolitan statistical area in the year 2030, percentages being highly dependent on scenario specifications. A lower price is the main source of competitive advantage for vehicles but other characteristics, such as vehicle classification and range, are demonstrated to influence consumer choice. Government financial incentive availability leads to greater market shares in the beginning years and helps to spread diffusion in later years due to an increased base of initial adopters. Although seen as a potential hindrance to EV diffusion, battery cost scenarios have relatively small impacts on EV diffusion in comparison to policy, range, miles per gallon (MPG), and vehicle miles travelled (VMT) as a percentage of range assumptions. Pessimistic range assumptions decrease overall PHEV and BEV percentages of vehicle stock by 50% and 30%, respectively, relative to the EPA-estimated range scenarios. Fuel cost scenarios do not considerably alter estimated BEV and PHEV stock but increase the ratio of car stock to light truck stock in the internal combustion engine (ICE) vehicle spectrum. Specifically, cars are estimated at 55% of ICE vehicle stock in the default fuel price scenario but increase to 62% of ICE vehicle stock in the high world oil price scenario, with LTs covering the appropriate differences.
Introduction

1.1
Before the Model T, engines were primarily designed to run on steam and then ethanol or biodiesel (Hamlyn 1967) . Henry Ford's wife, Clara Ford, drove an electric-powered vehicle; at the time, electric vehicles held a small but substantial-enough niche market with well-to-do urban housewives (Henry Ford Estate 2007; Romero 2009 ). These vehicle types were quickly phased out by the mass-produced internal combustion engine (ICE) vehicles. Over the past century, automobile enthusiasts have introduced alternative fuel vehicles (AFVs) but none have held a substantial share in the US transportation market. Until recently, electric vehicles (EVs) were primarily put together by the end-users from kits sold by the manufacturer. Now, in 2012, the largest automobile manufacturers in the US have introduced electric vehicles into their model lineup and are pushing forward with research and development.
1.2 Proponents of alternative fuels are challenging petroleum's dominance in the transportation sector. Realizing climate change and energy security benefits, US governments at the state and federal level have incentivized AFV purchases in an attempt to increase deployment. Over the past decade, more than 20 US states have offered financial incentives of various types and the US federal government has offered tax waivers towards the purchase of hybrid electric vehicles (HEVs), battery electric vehicles (BEVs), and plug-in hybrid electric vehicles (PHEVs). Additionally, energy security concerns and the economic effects of national petroleum reliance during periods of substantial petroleum price fluctuation have become more salient following significant gasoline price increases in 2008.
1.3
The two largest, broadly-grouped barriers commonly cited in EV deployment are technological development and social acceptance. The primary concern with the former is the range of the vehicle, typically referenced as "range anxiety," as well as price. The basis for the latter concern is that over this past century vehicles have primarily run on gasoline and, even if they were cost-competitive, EVs still face an uphill battle in being accepted as a primary means of personal transportation. This study models the spreading of individuals' willingness to consider (WtC) electric vehicles EVs through an agent-based model of vehicle innovation diffusion. Agents' social interactions are used to model the spread of WtC and if an agent has exceeded its WtC threshold (i.e. caught the "PHEVer") it will introduce EVs into their vehicle choice sets.
Literature Review
System and Agent-Based Models of Vehicle Choice and AFV Diffusion
2.1
The model developed in this paper draws from key strengths included in other recently created, agent-based vehicle choice models (VCMs). The decisionmaking component of this model utilizes survey data from the 2009 National Household Travel Survey (NHTS; US DOT 2009) to determine vehicle attribute valuation, similar to other past studies de Haan, Mueller, and Scholz 2009; Zhang et al. 2011; Cui et al. 2011) . In previous agentbased VCMs, researchers have utilized a variant of logistic regression (logit) decision making methods de Haan, Mueller, and Scholz 2009; Cui et al 2011; Zhang et al 2011) , while other researchers developed mathematical and systems-based estimates of consumer behavior Sterman 2008, Sullivan et al 2009; Eppstein et al 2011) . Prior research has primarily utilized two methods to incorporate agent attributes into their vehicle choice models. The first method creates synthetic agents from population characteristics (Eppstein et al. 2011; Cui et al. 2011 ). The second method replicates survey respondents as agents de Haan, Mueller, and Scholz 2009; Zhang et al. 2011) . Government intervention and manufacturer response functions have also been incorporated into an agent-based VCM framework (Zhang et al. 2011 ).
2.2
The prior-cited agent-based VCMs generally include the variables of fuel savings and annual income but, unlike most other VCMs, also include media and/or social interactions as influential variables which affect consumers' willingness to consider (WtC) or purchase AFVs. Prior agent-based VCMs model social interactions simulated in a spatially explicit environment (Eppstein et al. 2011; Cui et al. 2011) . Researchers have simulated threshold ranges for consideration of an AFV (Eppstein et al. 2011) while others endogenously incorporated the agents' social network conditions into the agents' utility functions, derived from primary research and Bayesian mixed logit methodologies (Zhang et al. 2011 ). In the majority of cited studies, as well as other models, diffusion aspects are modeled using the theory of homophily which, in its simplest form, theorizes that people's beliefs tend to drift towards those that are similar to them (Schelling 1978 2. 4 Struben and Sterman (2008) developed a framework and model for AFV diffusion based on consumers' WtC AFVs. In their simulations, WtC is affected by total exposure to the platform which is primarily influenced through three main channels: marketing, social exposure from drivers of vehicles, and word of mouth on vehicles from non-drivers. Additionally, consumers gauge the attractiveness of an AFV based on price, performance, operating costs, safety, range, and ecological impact which maintain a dynamic relationship with automobile producers and fossil fuel prices. The model in this paper seeks to be adaptable for several different instances of influential factors indicated by through flexibility in model assumptions and data sources related to fuel costs and vehicle characteristics.
Social Influence as a Factor Affecting AFV Consumers 2.5 Driving a more environmentally-friendly vehicle is greatly influenced by individuals' social networks (Heffner et al. 2005; Kahn and Vaughn 2008; Sexton and Sexton 2010) . The role of peer influence on consumer decisions has been observed in multiple past studies. Bearden and Etzel (1982) originated the quantitative assessment of peer influence on consumer decisions using a nested repeated measures design. Their results suggest that peer influence has a strong role in consumer decision-making processes, mostly for those products which are portrayed in public settings. The results of Bearden and Etzel's analysis have been repeated elsewhere (Childers and Rao 1992; Makgosa and Mohube 2007) . Similarly, evidence has been found for over 100 different studies in which homophily was present (McPherson et al. 2001) . Blending the primary aspects of the aforementioned studies, research has indicated that media and social networks can significantly impact consumer decisions (Aral and Walker 2011a; 2011b) as well as travel model choice ( Dugundji et al. 2008; Dugundji et al. 2011 ).
2.6
Considering that driving a vehicle is a public behavior and people tend to identify themselves and make a statement with their vehicles (Choo and Mokhtarain 2004; Sexton and Sexton 2010) , peer influence and social networks can be deduced and have been recognized as an influential determinant of vehicle choice. Realizing these influences on vehicle choice, studies have introduced social and psychological (Bolduc et al. 2008) as well as neighbor effects ( Mau et al. 2008) into their VCMs. This study merges homophily with social network effects to endogenously determine the vehicles available in consumers' choice sets, the inclusion being spurred by exceeding agents' WtC threshold through simulated idea diffusion.
Logit Models and Surveys of Vehicle Choice
2.7
Researchers have developed logit models for a variety of purposes to assess vehicle choice and consumer valuation of vehicle features. Whether it is determining the reason behind falling market shares of US automobile manufacturers (Train and Winston 2007) , examining the effects of time series variation in gasoline price expectations on the prices and shares of vehicle with different fuel economy ratings (Allcott and Wozny 2010) , or gauging whether a consumer will lease or buy a vehicle (Dasgupta, Siddarth, and Silva-Risso 2007) , vehicle choice models have been used for a variety of different applications and purposes. The core idea is consistent across all studies: estimating, and in certain cases simulating, consumer behavior and valuation of various vehicle attributes. The research presented here develops a similar discrete choice statistical framework for vehicle choice but determines the power type of vehicles available in each agent's choice set through simulated social network interactions.
2.8
Several VCMs are capable of estimating consumer valuation of fuel economy improvements. Greene (2010) reviewed several past consumer valuation studies of vehicles and fuel economy with various methodologies: mixed logit, nested logit, stated and revealed preference data, hedonic price, and price regression. Fuel economy valuation estimates were found to be rather inconsistent between studies; a finding similar to the United States Environmental Protection Agency's review of fuel economy valuation (US EPA 2010). Greene's analysis and review indicated that consumers were estimated to be willing to pay from <1% up to 400% of discounted present value for fuel economy improvements. additionally, there was no evident explanation for the wide differences among the estimates.
Methods and Model Outline
Mixed Logit Model 3.1 For an overview of mixed logit methodology, see Train (2009) . Mixed logit has two benefits to the purposes outlined in this model and agent-based models in general. First, it permits a heterogeneous set of consumer valuations of vehicle attributes by allowing agents to place unique emphases, drawn from specific distributions, on the observable characteristics in the choice set. Essentially, mixed logit models estimate both the mean and spread of an explanatory variable's influence on the probably of the dependent variable's occurence. Second, after estimation of parameters, the simulations are straightforward to conduct within an agent-based framework.
3.2 Logit models are often referred to as random utility models (RUMs); the main purpose of a RUM is to estimate and evaluate utility functions based on different product attributes. Within a RUM context, this mixed logit model's RUM representation is:
( Greene (2010) . The daily gas cost (DGC) variable is the product of state-level price per gallon of gasoline at the month of purchase divided by the respective vehicle's miles per gallon of gasoline (MPG) and the average daily vehicle miles travelled. Manufacturer suggested retail price [2] (MSRP) and gasoline prices are adjusted to January 2011 dollars using the consumer price index. Different classes of vehicles are implemented as dummy variables; all class dummy parameter estimates are in reference to the convertible class baseline and defined by Ward's (2011) . The geometric mean of torque, in foot-pounds, and horsepower parameters at the Wards-measured engine rotations per minute (RPM) is used as a measure of vehicle performance; for simplification this will be referred to as the 'power' variable. This variable's form proved best after three prevailing conditions were observed:
1. Including both parameters separately in the same model introduced collinearity issues. 2. The form provides a significantly higher addition to the log-likelihood estimate for each market sector than either parameter individually. 3. The geometric mean provides a significantly higher addition to the log-likelihood estimate for each market sector than only the product of the two terms Safety of vehicles is measured as the average of overall impact-tests of stars based on the US Department of Transportation (US DOT) safety ratings (US DOT 2012) [3] . Parameter estimates are displayed in Table 1 and data sources are explained in further detail in the 'Data' section. Several functional forms were assessed; the analysis which provided the greatest average log-likelihood values across groups was chosen as the final form. [5] (US DOT 2009). The agents are located in their environment by region and then to the furthest extent possible, down to the MSA and then further placed accordingly by the respondent-indicated population density at the tract-level county subdivisions (US Census Bureau 2012). Location attributes are implemented to control for possible correlations among agents' demographics and their location. The agents are randomly located in an orbital fashion around the city center with distance dependent on the population density records in the 2009 NHTS, the individuals with higher reported densities being closer to the city center.
3.5
The agents are originally limited to explore options within the fuel type class of their currently-owned model [6] but will explore other options after their individual consideration threshold has been met through simulated social interactions. Interactions with four neighbors are implemented to incorporate the similarities with lattice neighborhoods models, by which the idea diffusion equation is heavily influenced.
3.6
Corresponding with the beliefs of peer influence on consumer decision making and homophily, as well as Eppstein et al.'s (2011) vehicle consideration functions, interactions modeled by Molofsky et al (1999) , implementation of fractional decay, and considerable inspiration from Hiebeler (forthcoming), consumers' willingness to explore other vehicle types in their purchase decision is modeled using the following equation: 
W (j_i),t : Referenced as a similarity index [7] p: Agent trait index (age, income, highest educational attainment) C p : Characteristic of type p of agent i or j 3.7 When E v,i,t exceeds the randomly-assigned heterogeneous threshold for vehicle consideration the consumer will consider (through mixed logit derived parameters) vehicle options from vehicle power type, v. Within the model, the option exists to allow for agents only to consider BEVs if another member of the household has a vehicle which is not a BEV. The heterogeneous threshold is a crucial component of the analysis and thus a target of sensitivity analysis. Last, if the agent does not purchase an AFV in that year, their present WtC decreases at a fractional decay rate, similar to .
3.8 Figure 1 provides an overview and pseudo-code of the decision making sequence for each agent. Order is determined by which agent has the least amount of time remaining in vehicle ownership; ties are settled by coin flips. The table following Figure 1 provides a legend and information regarding the variables presented in Figure 1 . (NHTSA 2011) . Another requirement to produce the final data set was the collection of safety data measured in the average stars. These data were retrieved through the US DOT (via SafeCar.gov; US DOT 2011). Future vehicle specifications are explained in APPENDIX 2.
4.4
Although multiple data sources are utilized to allow for assumptions on vehicle attributes, it is not entirely realistic to assume that specific model types used to calibrate the model (e.g. a 2012 Ford Focus; see APPENDIX 2) will still be around by 2030. Instead the model's results should be understood and interpreted that the market shares of a mid-class vehicle with attributes similar to said vehicles is likely to grow or shrink by 2030 compared to other vehicles characterized through data assumptions related to future vehicle attributes.
4.5
The price of gasoline at the individual state level during the month of purchase (Energy Information Administration 2011), based on the difference between month when the survey was taken and stated months of ownership, was matched to each vehicle and household observation. Costs per mile and daily gas costs were then computed for each vehicle choice available to the consumer. Survey research indicates that vehicle consumers normally do not or erroneously calculate annual fuel costs (Kurani and Turrentine 2004) , thus the fuel costs for the time at purchase are included and daily VMT is used to scale observations based on their average amount of driving. Average gasoline prices throughout 2011 at the state level are used as the reference points during the initial time period and then the gasoline price is adjusted according to the 2012 Annual Energy Outlook's (AEO; US EIA 2012) marginal annual rate of change. These values remain in constant 2011 dollars throughout projected periods. In the US Department of Energy's (US DOE) National Energy Modeling System (NEMS;US DOE 2001), the market shares of any vehicle type are calculated using a combination of vehicle and population characteristics as well as technology costs and regulatory costs implemented on manufacturers to improve fuel economy. Within NEMS, the maximum values for alternative fuel car and light truck market shares are dependent on the past time period's market share, car vehicle markets being more responsive and flexible than the light truck market shares. Within this paper's model, these data determine the maximum amount of AFVs available by class given extensive demand; this is to reflect producers' responses and ability to adjust manufacturing schedules. A future extension of this model would be the inclusion of a dynamic manufacturer profit maximization function similar to Zhang et al (2011) . The limits for maximum market shares are computed following individual agents' choices. 
Results
5.1
The model is capable of importing agent characteristics from several different metropolitan statistical areas (MSAs). This set of sensitivity analysis and results focuses on the Boston Massachusetts MSA which has a good balance of:
1. High survey response rate 2. Representative population proportions to those present in the mixed logit parameter estimation data 3. Adequate number of agents to reliably demonstrate core concepts and model dynamics without constraining result production and analysis through limits on computer resources 4. The limited amount of publicly available higher percentage biofuels and CNG stations available (AFDC, 2012) minimizes potential concurrent effects from other alternative transportation fuels
5.2
The range of forecast years is set at 2009-2030 throughout this results section. The model can forecast out further (to 2100) while keeping several variables constant at the 2030 level [9] , but the additional time required to run the simulations out to 2100 and the declining reliability of simulations deterred the author from extended-range forecasting.
Sensitivity Analysis of Core Model Parameters and Assumptions
5.3
Results presented within this and other sections are the average over a burn-in of 250 runs. Recognizing that initial conditions impact outcomes of networked discrete choice models (Dugundji and Gulyás 2013) , agent location and WtC thresholds are reset at the beginning of each simulation. As opposed to various scenario results, this section explores the different implications that underlying fundamental model assumptions have on estimated results. Gasoline and electricity price scenarios Business-As-Usual (BAU) High World Oil Price (HWOP) 5.4 A driving assumption behind the vehicle consideration component of the agent-based model is the distribution of WtC thresholds. In the first graph, the percentage of the agents which have surpassed their personal threshold is plotted over time for various threshold means and a constant fractional decay rate of 0.75, indicating that each agent's WtC is 75% of the prior periods. The lower limit fractional decay rate is set at 0.5, approximately the decay rate with which decay becomes too severe and no one considers EVs. Thus, a decay rate of 1 indicates that agents' WtC does not decline between time periods. In the analyses, the decay rate is assumed at 0.75 and thus the resulting eager, neutral, and reluctant scenarios' percentages of population exceeding WtC thresholds are displayed in Figure 3 . A recurring, and especially noticeable with the eager scenario, result is that even though the WtC for EVs begins at a slightly lower point (since hybrid owners already exist) it increases at an increasing rate following the spread induced by initial adopters. Note: the beginning percentages of population exceeding the threshold is greater than zero since the left-hand tail of the normal distribution passes over the Y-axis while WtC values are assumed to range between 0 and 100.
5.6
An interesting and important aspect regarding the assumption of mean WtC is the amount of diffusion, measured in this analysis as the percentage of vehicle stock of each vehicle type. As shown in Figure 4 , the mean WTC assumption has varying yet profound effects on the diffusion of different vehicle types. In conjunction with aforementioned parameter assumptions, the values demonstrate the effects of the different mean WtC thresholds. Notably, the diffusion rates of change roughly resemble the exponential growth function, representative of product diffusion theory (Rogers 1963 ). The 2012 Annual Energy Outlook (AEO;US DOE 2012) estimates great variability in regional usage of alternative fuels. Given that other regions are estimated to have different usage rates of FFVs, CNG vehicles, and EVs, assuming a one-to-one ratio of national vehicle sales to Boston MSA vehicle sales could hinder reliability by skewing national EV consumption estimates. A ratio greater than one indicates that a lesser amount of the national EV incentives are available to the Boston MSA residents than other areas. Because of the multiple concurrent policies related to AFV deployment and alternative fuel usage (e.g. the California Low Carbon Fuel Standard and the Renewable Fuel Standard revised under the Energy Independence and Security Act), the ratio of Boston MSA vehicle stock to national vehicle stock becomes a focus of incentive policy structure sensitivity analysis.
5.8
The most pertinent result from the incentive policy structure analysis is that the greater availability of incentives in the beginning periods adds to the base of initial adopters which in turn increases the overall spread of WtC over the modeled periods. An incentive-dependent population ratio that is beneficial for the Boston MSA (i.e. Population Ratio < 1) results in a higher overall stock of evs but percentages of vehicle stock by model have varied responses. both vehicles estimated to have the highest stock levels, the focus and volt, incur relatively lesser increases in estimated vehicle stock with increased incentives. the miev, given its unfavorable categorization of a hatchback (based on mixed logit parameter estimates) but lower msrp, incurs the largest relative increase with greater availability of incentives as the vehicle's lower msrp begins to outweigh the generally relative disutility of being a hatchback. from observing the characteristics of buyers by model of ev, prius purchasing is primarily done by drivers with very low vmt and lesser aversions to msrp. given that the prius and rav4 are both produced by the same manufacturer the availability of incentives, and thus estimated percentages of vehicle stock, are interdependent.
Effects of MPG and Range Assumptions 5.9 Estimates of range have been produced from manufacturers (MFR), the government through the Environmental Protection Agency (EPA), and Car and Driver (C&D). Additionally, MPG rates have been measured by manufacturers as well as the EPA. In this section, the simulations are conducted with these six different assumptions on the range and MPG of electric vehicles. Results indicate that, similar to the sensitivity analysis involving the limit of daily VMT as range, the estimated range of BEVs has a critical impact on the deployment of electric-only vehicles. Battery Characteristics 5.10 Although seen as a potential hindrance to EV diffusion, the different characteristics of battery costs have relatively small impacts on EV diffusion in comparison to policy, range, MPG, and VMT as range assumptions. In comparison to the other primary financial-centric model mechanism of policy population ratios, the 2030 estimates for battery costs vary by approximately $1000-$2000 whereas the financial incentives reduce the MSRP by $7500 in the beginning years when EVs are still relatively expensive, adding to the base of initial adopters and encouraging WtC diffusion.
5.11 Even the optimistic battery scenarios could be significantly overestimating the future costs of batteries. The batteries and EV portion of the American Recovery Act (US DOE 2012) anticipates that investments in batteries alone should help lower the cost of some electric car batteries by nearly 70% by the end of 2015, with the largest proportion of vehicle cost reductions occurring between 2009 and 2013. Additionally, the American Recovery Act anticipates that the expected lifetime of a typical EV battery will increase by 350% in the same time period, allowing the battery to last up to and potentially beyond the vehicles' anticipated lifetimes and decreasing the present value of battery depreciation over ownership periods. The UK CCC modeled changes in EV battery costs are much less optimistic and with the American Recovery Act's assumptions [11] , total EV diffusion is increased by approximately 0.85% over the optimistic scenario by the UK CCC. Other vehicle characteristics themselves which would be affected in these scenarios are simplified in this portion of the analysis and would likely play a major role in consumer decision-making.
High World Oil Price (HWOP) Scenario 5.12 For this scenario, the rates of change of all fuel prices were adjusted using the HWOP data from the AEO 2012 ( US EIA 2012). The estimated effect that the HWOP conditions had on EV stocks was minimal, but the effects on the ICE portions of vehicle stock of cars and light trucks (LTs) are worth mentioning. Consumer substitution of LTs for cars increases the estimated stock of cars by approximately 5.1% by 2030 in the HWOP scenario over the BAU scenario. Figure 15 displays the Car and LT percentages of ICE stock under the BAU and HWOP scenarios. In the HWOP scenario, the stock of cars is expedited due to the relatively large gas price marginal rates of change estimated in the first few years of simulations. Following the early greater divergence from the BAU scenario ICE stock percentages, the HWOP car and truck ICE stock percentages adjust at less intense rates but still more rapidly than in the BAU scenario. Figure 5 , there is an innate institutional and market place lag associated with shifting stocks and thus gas price increases will not force immediate shifts of vehicle characteristics. Although it is intuitively expected with rising gas prices that LT percentages of vehicle stock would immediately fall, agents with higher aversion to DGC are seeking higher MPG LTs as well as alternative, non-ICE vehicles which meet these standards. Additionally, survivability rates from NHTSA favor LTs slightly more than cars. For some agents, in the later years, with an increased disutility of increased DGCs, they are willing to sacrifice the purchase of an LT categorized vehicle for a car. Most Optimistic Scenario 5.14 In this scenario, the most optimal conditions are set to investigate the upper bound on EV diffusion; these conditions are to have optimistic battery costs, eager WtC, no WtC decay, 0.5 Population Ratio, and manufacturer-estimated MPG and range. The VMT as Range Limit is left at 0.75 since this component has been shown to not have a considerable impact on BEV diffusion over the full-range scenario but is necessary to maintain realism in agents' BEV considerations. When the opposite (most-conservative) simulations are conducted, percentages of vehicle stock of BEVs and PHEVs approach zero and hybrid vehicles' percentage of vehicle stock is estimated at approximately 0.25% by the year 2030. In the most optimistic scenario, PHEVs and BEVs are estimated to maintain 12.2% and 8.4% of vehicle stock in 2030.
With respect to
Discussion
6.1
Results from this analysis are highly variable depending on model specifications with the underlying core parameters having the highest influence on resultant scenarios. This reflects the wide range in potential model inputs as well as the agent-based model's assumptions. Recent survey work has indicated that a majority of consumers are either likely or moderately likely to consider the purchase of an AFV, with the two most deterring aspects being vehicle prices and refueling options (Michniak et al. 2012 ). Thus, it may be more appropriate to assume an eager mean WtC. Neutral scenario results were displayed to provide conservative estimates and the main intention of this paper's results section is to demonstrate model dynamics from imposed scenario assumptions. To develop the 'true' mean WtC distribution, further purpose-specific primary research is required to quantify consumers' willingness to explore AFV options; this source of uncertainty is the model's largest shortcoming in terms of external validity.
6.2
Hybrid and Plug-in EV (PEV) percentages of vehicle stock and market shares are demonstrated to be interdependent. When the characteristics of PEVs are improved to make said vehicles more desirable with respect to consideration assumptions [13] and mixed logit derived parameters, hybrid vehicles are displaced by the more attractive PEVs; this displacement is especially evident in scenarios involving range and MPG assumptions. At the same time, this model does not take into account how learning-by-doing in the supply chain by PHEVs and BEVs assisting improvements in one another. That is, even if PHEVs displace BEVs in early years, they help develop and lower the cost of technology that can assist BEVs.
6.3
Similar to past studies of financial policy efficacy (Gallagher and Muehlegger 2011) , hybrid vehicle percentages of vehicle stock are estimated to be responsive to financial policy availability assumptions. In these simulations, hybrid vehicles are estimated to be the most responsive in terms of percentage of vehicle stock. Financial policy efficacy is not particularly evidenced for the PHEV percentages of vehicle stock as their higher MSRP and lower consideration rates in the beginning years, even with the incentive, is a major deterrent to diffusion. Estimates of BEVs as a percentage of vehicle stock rise substantially more than PHEVs as a percentage of vehicle stock since their generally lower MSRP relative to PHEVs becomes even more attractive when the incentive is applied; this also helps to alleviate the disadvantageous categorization of the MiEV as a hatchback vehicle. This leads to higher overall diffusion of PHEVs and BEVs since the WtC is able to spread at an increased rate following more initial adopters in the beginning periods of simulations.
6.4
Vehicle selection of BEVs and PHEVs generally favor the models with the lower MSRP and sedan categorization, since these are given the higher relative partworth estimates from the mixed logit model. Green automobile columnists are currently denoting the RAV4 EV as a niche vehicle designed for wealthy earlyadopters (Voelcker 2012; Marchetti 2012) but as battery characteristics improve consumers with lower aversions to MSRP and higher aversions to DGC are estimated to purchase the vehicle at small yet still considerable rates. Given its relatively low value, sensitivity analysis was conducted on the Prius' range by adjusting it to hypothetical values; the vehicle becomes much more competitive when ranges are increased to the average of its PHEV competitors. Within the context of this model's mixed logit parameters there is only a small range of agents willing to spend extra money on a car with less range; generally only consumers with higher incomes, much less daily VMT, and higher safety parameter part-worths are estimated to purchase the Prius PHEV. These households were generally the married, higher-income households with low daily VMT. 6.6 Similar to Karplus (2011) but not a focal objective of this analysis, simulations demonstrate that US households are estimated to purchase more fuel efficient vehicles in response to gasoline price increases (evidenced by Figure 5 ). However, dissimilar in these simulations to Karplus' analysis is the non-distinct income groupings of households that switch their vehicle consumption behavior. The ambiguous behavior by household categorical groupings lends itself to the randomness inherit in the mixed logit parameters which have overlapping estimated distributions.
6.7
Overall, a high amount of variation is estimated with respect to all scenario assumptions and results. The most optimistic scenario estimates EVs at approximately 22% of 2030 vehicle stock, much less than more optimistic estimates (Becker, Sidhu, and Tenderich 2009 ) but the landscape is continually changing on both the fossil fuel and EV sides. Although gasoline prices have increased greatly over the past few years, the growing extraction rates of unconventional sources of petroleum in the Bakken tight shale formation and Canadian oil sands have dramatically altered the perceptions of the future in the North American petroleum market. In general, EV proponents are optimistic of the future of the electric automobile but might face an uphill battle if major rises in petroleum prices are a prerequisite to EV deployment.
Limitations 7.1 Throughout this analysis, multiple assumptions were imposed and demonstrated to alter results. There is great uncertainty in the future characteristics of automobiles and, although this model attempts to ground itself in statistics and data, an infinite number of different outcomes are possible. In these simulations alone, the permutations of possible scenarios amount to 8,748 different combinations of assumptions. As in any other model, it should be thought of as a simplified version of reality and treated as a well-informed thought experiment.
7.2 A large assumption is that consumers value these vehicles equally as they would their ICE counterparts. At the time this is written, EV technologies have not been around in sufficient quantities to fully assess consumer valuation functions with revealed preference data. Another approach to developing the mixed logit parameters in this study would be to perform primary research with stated preference data acquired through conjoint analysis, or wait for AFVs to become more mainstream vehicles and then re-assess the statistical portion of this analysis. Performing this task would provide an interesting and valuable analysis but is outside current time and resource availability.
7.3
As mentioned, EV technologies have not been around for a substantive-enough amount of time. This creates uncertainty in the future characteristics of vehicles. This analysis incorporated constant producer and battery manufacturer responses whereas a more dynamic depiction would be a profit-maximization response of vehicle and component manufacturers, similar to Zhang et al (2011) .
7.4
Past studies have indicated that several other social factors influence consumer adoption and perceptions of vehicles (Choo and Mokhtarain 2004; Turrentine and Kurani 2007) . Incorporating network interactions into a VCM is done to include these effects but further research is required to investigate human interactions in a mathematical framework. The model presented here is a simplification of these interactions and the assumptions applied have a substantial effect on the model's outcome.
Appendix
Additional Mixed Logit Model Assumptions 8.1 Discrete choice models require data to be formatted so that a single choice is made among alternatives. With respect to the new vehicle marketplace, there are more purchase options present than current statistical software packages can reasonably handle. Due to these restrictions, the vehicle consumer was originally designated to have chosen among 100 different randomly-determined (without replacement) vehicle options from the same year the observed vehicle was purchased. After several statistical runs and based on convergence and estimation efficiency, the choice set was limited to 20 randomly-included chosen vehicles. The final amount of potential options available in the choice set also presented assurance in both the reliability and consistency of estimation results.
8.2
The probability that a specific vehicle is incorporated into the choice set is based on the annual market share of said vehicle. For example, in 2004, the Ford F150 market share was 5.29% (Wards 2011), meaning that in each observation's choice set the probability that the Ford F150 is included is 5.29%. The accuracy of the market shares and their probabilities to be included is to the nearest 1e-4, any vehicle below this value was not included in observations' choice sets.
8.3
The software package chosen for estimation is Stata/SE 64-bit and the procedure utilized is 'mixlogit' (Hole 2007) . Weights from the 2009 NHTS were incorporated as frequency weights in the analysis. Additionally, since the large amount of observations and variability in the data presented challenges for the standard algorithm to reach convergence, the standard Newton-Raphson algorithm were supplemented with the steepest ascent method developed by Gould and Scribney (1999) as well as Gould, Pitblado, and Scribney (2003) . This replacement only impacted the number of iterations required to reach convergence and not the resulting parameter estimates or model qualities.
8.4
Since " [t] he objective function optimized to estimate the coefficients of [mixed logit] models is generally highly nonlinear, and thus prone to multiple, local optima" (Greene 2010, p. 12) , post-optimization algorithm sensitivity analysis was performed. The product of the parameters following convergence and randomlyassigned values were used as starting parameters in the optimization process to insure the algorithm acquired the same convergence values. The parameters obtained following the original optimization were subsequently multiplied by randomly-assigned values from the following sets: (-1.1, 1.1), (-1.5, 1.5), and (-2, 2). Following these modifications, the algorithm reached convergence with the same parameters; the amount of additional iterations required depended on the extent of the distortion applied to the original parameter set.
8.5
In this model, distributions are imposed using the best fit method described by Train and Sonnier ( 2004) . First, the models were run with zero and then only one of each explanatory variable with an imposed log-normal distribution. If multiple explanatory variables solely provided an increase in the log-likelihood value, the explanatory variable with the greatest marginal contribution towards the log-likelihood function was introduced as the first log-normally distributed explanatory variable. The second greatest contributing explanatory variable to the log-likelihood value from log-normal distribution specification is then introduced and the log-likelihood value compared to the prior model's log-likelihood estimation, and so on. In the analyses, the households with children incurred the best fit when only the log-normal distribution is applied to the safety parameter. Imposing the log-normal distribution on the power parameter only improved the retired household's model fit. None of the groupings' model fits improved when imposing the log-normal distribution on either the DGC or MSRP parameters. The results for log-normal distributed parameters presented in Table 1 have undergone the necessary conversion calculations.
8.6
Observations from the 2009 NHTS with incomplete information for values included in this study were excluded resulting in a loss of approximately 5% of the original sample. Also, in order to take into account recent vehicle characteristics, only new vehicles purchased from 2004 to the date of the survey taken were included in the mixed logit model. The NHTS 2009 queried neither the vehicle's condition when purchased (new or used) nor the price of the vehicle and thus two assumptions need to be made. First, the date of purchase needed to be within the new model year's selling period, assumed to be August the prior year of release to December of the vehicle year. Second, the consumer paid the inflation-adjusted manufacturer's suggested retail price (MSRP) [14] . In the end, the dataset used in the mixed logit model contained 33,235 observations of vehicles matched with their primary drivers and respective households.
8.7
Since National Automotive Sampling System (NASS) vehicle codes do not differentiate between vehicle trim levels, the observations' vehicle trim level was determined by the closest match within vehicle model based on the reported MPG level from the 2009 NHTS.
Future Vehicle Specifications 8.8 Vehicle consumers will choose among the subset of vehicles available for purchase in the 2011 vehicle fleet but limited to those which meet the same market share percentages as those included in the mixed logit model dataset construction. These vehicles are fixed in specifications except for the attributes of MPG which increases, for each vehicle, with respect to the annual marginal rates of change (ROC) of each vehicle's power type (ICE, BEV, PHEV, HEV) and class (car and light truck) indicated in Argonne National Laboratory's VISION model (ANL, 2011).
ICE
8.9
A caveat with the simulations is that the choice set from which the mixed logit derived parameters were estimated is smaller than the choice set available to consumers within the ABM simulations. [15] , [16] , [17] Toyota Prius [18] BEV
HEV
Nissan Leaf Ford Focus Electric
Mitsubishi i (MiEV) [19] , [20] , [21] Tesla Model S [22] (with 40, 60, and 85 kWh battery capacities, at base MSRP)
Recharging System Costs, PHEV DGC, and Battery Costs 8.12 Fueling station availability and range anxiety have been a significant limitation with consideration to the diffusion of BEVs (Tate, Harpster, and Savagian, 2008 ).
In the model, if the household is considering an EV, the fixed price for a level 2 charging station is $2000 [23] and is incurred as a fix cost added to the MSRP. To account for range anxiety, a consumer will only consider an electric vehicle if their average daily vehicle miles travelled is less than or equal to a specified percentage of the range of the BEV being assessed. This specified percentage is explored in the Results section.
8.13 Agent i's DGC for PHEV model j is computed as:
where:
DPGGE e : Dollars per gallon of gasoline equivalent [24] MPG ej : Miles per gallon of gasoline equivalent VMT i : Average daily vehicle miles travelled of agent i DPG g : Dollars per gallon of gasoline MPG gj : Miles per gallon of the gasoline portion of PHEV j 8.14 BEV and PHEV battery ranges have been evaluated by three different groups: manufacturers, government (EPA), and the private sector (Car and Driver). Since the range of the vehicle is a serious consideration for buyers, scenarios are implemented which reduce the agents' range of each BEV and PHEV model by different specifications. Manufacturers, the EPA, as well as Car and Driver estimate the maximum, median, and minimum of range estimates, respectively. If the EPA has tested the vehicle, that reduction goes into place. If not, the average percentage reduction of that vehicle type's range is applied. Since Car and Driver has only reviewed and supplied estimates for the Nissan Leaf and Chevrolet Volt (as of May 2012), the same percentage reductions will be applied on the range of said vehicles' class. Additionally, MPG is adjustable between manufacturer and EPA estimates, and average percentage reductions if not available from the prior source.
8. 15 Since battery depreciation and costs are a barrier to consumer adoption of EVs (Morales-Espana 2010), the price of EVs is adjusted annually to the rate of change, by vehicle class (car and light truck) and BEV/PHEV designation, according to the schedule estimated by the UK Commission on Climate Change's (CCC) report regarding future battery specifications (UK CCC 2012). These data are manufacturer prices and thus an assumed markup of 10% is included. Additionally, since the battery maintains a large replacement cost, the net present value of the total depreciated value of the battery at time of resale is included at the time of purchase. This is done with an assumed constant failure rate at 10 years. In equation form:
Where:
http://jasss.soc.surrey.ac.uk/16/2/5.html
